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Response of the Amazon carbon balance to the 2010 drought derived with CarbonTracker South America
Introduction
The carbon balance of Amazonia plays an important role in the budget of the atmospheric greenhouse gases CO 2 and CH 4 . This is because the Amazon holds a vast amount of aboveground biomass [e.g., Malhi et al., 2006; Gloor et al., 2012] , contains the largest area of wetlands worldwide [e.g., Richey et al., 2002] , and has a much larger annual carbon uptake and release than is typical for extratropical ecosystems [e.g., Araujo et al., 2002; Pan et al., 2011] . Changes in precipitation, radiation, and temperature significantly affect the terrestrial carbon cycle in Amazonia and are known drivers of short-term changes in global growth rates of CO 2 [e.g., Conway et al., 1994; Wang et al., 2013] and CH 4 [Nisbet et al., 2014] . This is for instance due to the El Niño Southern Oscillation, which can bring droughts to parts of the region leading to increased tree mortality [Phillips et al., 2009] and biomass burning [van der Werf et al., 2008] . Interactions between droughts and the carbon cycle is a key uncertainty in current climate models [Booth et al., 2012; Cox et al., 2013; Piao et al., 2013] that could strongly influence the rate of atmospheric CO 2 increase over the next decades .
fluxes [e.g., Araujo et al., 2002; Saleska et al., 2003; Kruijt et al., 2004] , to larger scales, such as the Brazilian land use change monitoring program and the repeated survey of hundreds of forest plots across South America through RAINFOR [Malhi et al., 2002] . An overview of such efforts and their results is given in Gloor et al. [2012] . Increasingly, remote sensing observations such as burned area, fire hot spots, aboveground standing biomass, canopy greenness, and fluorescence are used to study the Amazon forest [Saatchi et al., 2008 [Saatchi et al., , 2013 Lee et al., 2013; Parazoo et al., 2013] . Integration of such diverse measurements over the wide range of scales is often complicated by the large heterogeneity in almost any soil or vegetation trait across Amazonia. As a result, carbon cycle modeling of this region is challenging, and uncertainty on its current and future interactions with climate is large.
Amazonia experienced two recent severe drought events, the first in 2005 and the second in 2010 [Lewis et al., 2011; Potter et al., 2011; Xu et al., 2011] . During both events the ground-based RAINFOR forest surveys provided an estimate of the drought impact on tree growth and mortality. They showed that severe droughts cause a strong deviation from the long-term positive biomass increments measured in the two preceding decades. Reduced growth and increased tree mortality were observed across the network even in years after the drought event [Phillips et al., 2009 [Phillips et al., , 2010 . This resulted in additional carbon loss, partly to the atmosphere, of 1.0 to 1.6 PgC from each event, with a sizable fraction estimated to occur in the drought year itself.
Independent estimates of the carbon balance in a part of the Amazon for the period 2000-2009 were presented by Gatti et al. [2010] based on vertical profile measurements of the mole fractions of CO 2 and CO from Santarém, Brazil. The rapid vertical mixing of CO 2 surface exchange signals allowed a climatological net terrestrial carbon balance to be inferred, suggesting that a biomass burning CO 2 source from the area is countered by net uptake in the terrestrial biosphere, in broad agreement with independent results [Saleska et al., 2003; Pyle et al., 2008] . Since then, more years of data have been collected from this Santarém aircraft program, and more importantly, it was expanded to include three additional sampling sites. The first full year that this network was in place was during the 2010 drought, and it has been continued since then, resulting in a recent publication by Gatti et al. [2014] . They provide a quantitative estimate of the response of terrestrial vegetation in the Amazon to the 2010 drought.
The Gatti et al. [2014] estimate was observation based and uses the observations of CO 2 and CO (as well as SF 6 ) to calculate fluxes. Fire emissions were estimated using the observed CO:CO 2 ratios. This approach suggested a total drought impact on the Amazon net carbon exchange of nearly 0.50 PgC in 2010 compared to 2011, with an increase in carbon release due to biomass burning (+0.25 PgC/yr) and a reduction of carbon uptake by vegetation (0.22 PgC/yr). The latter suggests a strong drought response of tropical vegetation.
In this study, we revisit these findings and interpret not only the same CO 2 /CO vertical profile measurements but also additional constraints on carbon exchange from satellite observations of CO, burned area, fire hot spots, photosynthetically active radiation (PAR), and leaf area index. An important tool in this interpretation is the CarbonTracker data assimilation framework for South America specifically developed for this application. It quantitatively links detailed surface CO 2 exchange simulations to the observed profiles, through the TM5 atmospheric transport model at 1°× 1°horizontal resolution. This effort presents the first attempt to fully integrate the CO 2 and CO observations from the Amazon with our spatiotemporal knowledge of fires and biospheric CO 2 exchange in the region.
Following our description of the newly developed CarbonTracker South America system (section 2), we proceed to describe its results in comparison to independent fire emission estimates (section 3.1) as well as to atmospheric mole fraction observations of CO and CO 2 in and around South America (sections 3.2 and 3.3). The final Amazon carbon balance estimates produced from a number of different system configurations are presented next (section 3.4), followed by a discussion of our results (section 4) and conclusions (section 5).
Methods

CarbonTracker South America
To study the Amazon carbon cycle using inverse modeling, we have adapted the CarbonTracker data assimilation system [Peters et al., 2007] to create the dedicated version "CarbonTracker South America" (CT-SAM). CT-SAM uses the atmospheric transport model TM5 [Peters et al., 2004; Krol et al., 2005] to transport a set of prior carbon fluxes globally, and the obtained atmospheric CO 2 mole fractions are compared to a large set of atmospheric observations. The differences between the simulated and observed mole fractions are subsequently minimized by changing the fluxes using an ensemble Kalman filter data assimilation technique. CT-SAM optimizes the set of prior CO 2 fluxes according to F x; y; t ð Þ¼λ r ÁF bio x; y; t ð Þþλ r ÁF oce x; y; t ð ÞþF ff x; y; t ð ÞþF fire x; y; t ð Þ
where F bio , F oce , F ff , and F fire are the prior terrestrial biosphere, ocean, fossil fuel, and biomass burning carbon fluxes, respectively, and λ r are weekly linear scaling factors that are optimized in the assimilation for each region (see section 2.5). CarbonTracker only solves for the biosphere and ocean fluxes, whereas the fossil fuel and biomass burning fluxes are imposed and assumed to be known. Because biomass burning dominates the carbon balance in South America, we have performed simulations with four alternative sets of imposed biomass burning fluxes, one of which was optimized using (satellite) observations of CO mole fractions in a separate inverse modeling framework. More details are described in section 2.6.
We have performed a set of atmospheric inversions focusing on the 2010-2011 period using different setups of CT-SAM, which are described in more detail in section 2.7. In the following sections we will focus on the specific characteristics of CT-SAM. For more general details on the CarbonTracker system, see Peters et al. [2007] and http://www.carbontracker.eu.
Prior Flux Estimates
The prior biosphere carbon fluxes [net biome exchange (NBE), i.e., the nonfire terrestrial vegetation fluxes] that we use as input in CT-SAM are from the SiBCASA model van der Velde et al., 2014] . The SiBCASA model is a combination of the Simple Biosphere model (SiB), version 3 [Sellers et al., 1996] and the Carnegie-Ames-Stanford Approach (CASA) model [Potter et al., 1993] . The SiB model provides the biophysical part, and the biogeochemistry is from the CASA model. These two combine into the SiBCASA model, which simulates the carbon fluxes of the terrestrial biosphere on a horizontal resolution of 1°× 1°with a 10 min time step. Important inputs for the SiBCASA model are the meteorological drivers of carbon exchange and the satellite-observed normalized difference vegetation index. In CT-SAM we use the resulting NBE fluxes on a three hourly time step as input and optimize them at a weekly time resolution.
In this study we use four different sets of biomass burning emissions. The first is also modeled by SiBCASA [van der Velde et al., 2014] , following the work of van der Werf et al. [2010] . Daily burned area estimates from the Global Fire Emissions Database version 4 (GFED4) [Giglio et al., 2013] are used in combination with maps of vegetation types, the modeled carbon stocks from SiBCASA, and an estimate of the combustion completeness. The GFED4 burned area estimates are based on the observations of fire counts by the Moderate Resolution Imaging Spectroradiometer (MODIS) instrument. The full data set was produced by combining 500 m MODIS burned area maps with active fire data from the Tropical Rainfall Measuring Mission, the Visible and Infrared Scanner, and the Along-Track Scanning Radiometer. The second and third sets of biomass burning emissions are from the Global Fire Assimilation System (GFAS) version 1 [Kaiser et al., 2012] , which are based on fire radiative power, and those from the Fire Inventory from NCAR (FINN) version 1 based on fire hot spots. For details we refer to the provided references. The fourth set are the results of the optimization of the SiBCASA-GFED4 emissions using (satellite) CO observations (section 2.6).
The contribution of fossil fuels to the carbon budget of South America is very small compared to the biosphere fluxes and biomass burning emissions. The fossil fuel fluxes used in CT-SAM are emissions from the EDGAR4.2 database [2011] , together with country-and sector-specific time profiles derived by the Institute for Energy Economics and the Rational Use of Energy from the University of Stuttgart and constructed for the CARBONES project (http://www.carbones.eu/).
The prior ocean carbon fluxes are calculated from the monthly air-sea differences in partial pressure of CO 2 obtained from the ocean inversions described by Jacobson et al. [2007] , combined with a three hourly time step of the gas transfer velocity computed from wind speeds in the atmospheric transport model. The resulting ocean carbon fluxes are optimized for 30 different ocean inversion regions.
Atmospheric Transport
The atmospheric transport model TM5 was set up with a global horizontal resolution of 6°× 4°(longitude by latitude) and nested zoom grids of 3°× 2°and 1°× 1°over South America (see supporting information for details). The meteorological driver data are from the ERA-interim re-analysis [Dee et al., 2011] on a three hourly time resolution and 25 vertical levels, obtained from the European Centre for Medium-Range Weather Forecasting (ECMWF). In contrast to earlier versions of TM5, the convective entrainment and detrainment fluxes are obtained directly from the ERA-interim data from ECMWF, which was found to improve the inter-hemispheric exchange of tracers in the TM5 model.
Observations
To optimize the prior CO 2 fluxes, we use a large set of atmospheric CO 2 observations from a global network of monitoring stations. For CT-SAM the most important observations are those from the unique flask sampling program in the Amazon run by the Instituto de Pesquisas Energéticas e Nucleares (IPEN), São Paulo, Brazil, in collaboration with the National Oceanic and Atmospheric Administration (NOAA) Global Monitoring Division, Boulder, Colorado, USA. Vertical profiles of multiple gases were sampled from an aircraft on an approximately biweekly basis at four sites in the Amazon basin: Alta Floresta (ALF), Santarém (SAN), Rio Branco (RBA), and Tabatinga (TAB) (Figure 1 ). An extensive description of the methods and analysis of the observations are found in Gatti et al. [2014] . With the dominant wind direction being from the tropical Atlantic, the region of influence of the four sites covers a large fraction of the Amazon basin. In particular, samples from the two sites in the Western Amazon (TAB and RBA) include information about the carbon fluxes from a large part of the undisturbed rainforest, whereas the samples from the two other sites (ALF and SAN) are also partly influenced by savannah and agricultural land.
Besides the observations from the Amazon, we have used atmospheric CO 2 observations from the ObsPack data products provided by NOAA . These ObsPacks include observations from a global network of monitoring stations. For this study we have used ObsPack version 1.0.4 [ObsPack, 2013] . In total we have used over 56,000 CO 2 observations measured by 13 different laboratories from 98 locations globally. An overview of these observations and sites is given in the supporting information. All CO 2 observations used in this study are on the same World Meteorological Organization CO 2 X2007 calibration scale.
The observations have been divided in different categories and assigned model-data mismatch values accordingly. This model-data mismatch defines how much weight is given to observations from a certain site. It represents the ability of our model to simulate the CO 2 concentrations at a given measurement site and thereby includes transport errors as well as errors related to the representativeness of the site for the grid box it is located in. We use the following model-data mismatch values for these eight categories: deep southern hemisphere (0.50 ppm), marine boundary layer (0.75 ppm), mixed (1.50 ppm), aircraft (2.00 Global Biogeochemical Cycles 10.1002/2014GB005082 ppm), land (2.50 ppm), tall tower (3.00 ppm), small tower (4.00 ppm), and problematic (5.00 ppm). As in Peters et al. [2007] , these values represent subjective choices and are not based on an optimization or analysis of representation errors in our model. Sites were categorized to yield an innovation χ 2 close to 1.0 in each category.
Observations from non deep southern hemisphere and marine boundary layer sites are discarded from the assimilation when the simulated-minus-observed residuals exceed three times the assigned modeldata mismatch.
State Vector and Covariance Structure
The linear scaling factors for the terrestrial biosphere and ocean carbon fluxes λ r are optimized in CT-SAM on a weekly basis. CT-SAM uses a square-root ensemble Kalman filter [Whitaker and Hamill, 2002] with a smoother window length of 5 weeks, as in Peters et al. [2007] . For each of the 150 ensemble members, a set of scaling factors and CO 2 mole fractions are calculated [see also Peters et al., 2005] . The prior estimates of λ r for each given week are calculated as the mean of the optimized parameters from the two previous weeks and the fixed prior value of 1.0 (representing the unadjusted prior carbon fluxes).
The state vector in CT-SAM (i.e., the vector containing all parameters λ r to be optimized) is based on Peters et al. [2007] but uses the biome type map of the SiBCASA model instead of the previously used Olson ecosystem classification system [Olson et al., 1985] . For each of the nine TransCom land regions outside South America, one scaling factor is optimized for each of the 13 original SiBCASA ecoregions (i.e., biome types). Within South America, we optimize scaling factors for each 1°× 1°grid box, rather than for each biome type.
The prior covariance structure describes the magnitude of the uncertainty on each scaling factor, as well as their correlation in space. Temporal correlations are not considered explicitly in our system. For each 1°× 1°g rid box within South America, the individual parameters are coupled with the spatial covariance structure calculated by
where d is the distance between the grid boxes and L is the length scale, for which we used 300 km. The underlying land cover map for South America is shown in Figure 1 and is used to calculate the prior covariance structure. To improve the representation of the spatial variability within the Amazon region, we further subdivided the original SiBCASA tropical forest biome (Tall Broadleaf-Evergreen Trees) into three different climate zones, based on the Köppen climate classification system [Kottek et al., 2006] : Tropical Savannah, Tropical Monsoon, and Tropical Rainforest. The 30 ocean regions to be optimized have a covariance structure based directly on the calculations in the ocean inversion model [Jacobson et al., 2007] . The chosen prior uncertainty is 80% on land parameters and 40% on ocean parameters.
Theoretically, this approach leads to a total of 1812 parameters to be optimized each week, but in practice, the number is smaller because not every ecoregion is represented in each TransCom region and certain regions, such as deserts and ice-covered regions, are not optimized. The number of degrees of freedom is about 409 each week, as calculated from singular value decomposition of the covariance matrix [Patil et al., 2001; Peters et al., 2005] .
Optimizing SiBCASA-GFED4 Biomass Burning Emissions
As described before, in CT-SAM we impose the biomass burning emissions from a range of different modeled estimates. In a separate framework, we optimize one of those estimates, the SiBCASA-GFED4 biomass burning emissions, with the TM5-4DVAR system, as described by Krol et al. [2013] , using a similar setup of the TM5 transport model (see supporting information). Emissions are optimized using CO flask observations and a large set of daytime total column CO observations over South America from the Infrared Atmospheric Sounding Interferometer (IASI) on board the METOP-A satellite [Clerbaux et al., 2009] . The CO data were retrieved using the Fast Optimal Retrievals on Layers for IASI algorithm [Hurtmans et al., 2012] . Besides the IASI observations, we also assimilate the surface flask CO observations from 36 sites of the NOAA ESRL Carbon Cycle Cooperative Global Air Sampling network [Novelli and Masarie, 2013] and, in one case, the CO observations from the Amazon aircraft profiles [Gatti et al., 2014] as described in section 2.4.
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The prior emissions of the TM5-4DVAR system are split in three categories: (1) biomass burning emissions, optimized in 3 day periods, (2) atmospheric oxidation of nonmethane hydrocarbons, optimized on a monthly time resolution, and (3) anthropogenic emissions (not optimized within South America). We have used the biome-specific emission factors from the GFED-A&M [Andreae and Merlet, 2001 ] scenario from van Leeuwen et al. [2013] to obtain the prior biomass burning CO emissions from SiBCASA-GFED4. After the optimization of the biomass burning emissions using CO, we derived biomass burning CO 2 emissions by applying the same percentage of change between the prior and the optimized fluxes as found for CO to the CO 2 emissions for each 1°× 1°degree grid box in South America. As in Krol et al. [2013] our system only scales the prior biomass burning CO emissions, and it is therefore not possible to assign biomass burning CO emissions to areas with no emissions in the prior. More details are given in the supporting information.
Inverse Experiments
We performed a suite of atmospheric inversions to get a range of estimates for the Amazon carbon balance (see Table 1 ). In all experiments we use the same state vector (section 2.5) and TM5 setup (section 2.3). In C1 and C2 we use the biomass burning emissions optimized with satellite-observed CO columns (section 2.6). C1 also included the CO observations from the Amazon aircraft profiles in the biomass burning optimization. The biomass burning emissions in C3 are the original SiBCASA-GFED4 emissions before optimization with CO observations. C4 and C5 use GFAS and FINN biomass burning emissions, respectively. The final experiment C6 is as C3 using SiBCASA-GFED4 but did not include CO 2 observations from the Amazon aircraft profiles in the CO 2 flux optimization.
Results
Biomass Burning Emissions
The annual mean carbon balance of the Amazon is strongly controlled by CO 2 emissions from fires, which vary strongly from year to year. (Table 4) . In comparison to previous years (not shown), the biomass burning anomaly in the drought year 2010 is marked by a much larger peak of emissions in the dry season. This 2010 anomaly is largest for SiBCASA-GFED4, where biomass burning peaks earlier in the dry season with much larger emissions compared to the other products.
When we additionally use satelliteobserved CO columns from IASI and the Amazon profile measurements to optimize fire emission strengths from SiBCASA-GFED4, the peak emissions shift to later in the dry season and are Gatti et al. [2014] than the original SiBCASA-GFED4 emissions, the GFAS emissions, and the FINN emissions.
The change in biomass burning CO 2 emissions between the original SiBCASA-GFED4 estimate and the optimized results using CO consists of a spatial shift in emissions from the Amazon tropical forests to the more southward located savanna-dominated areas. Figure 3 shows that this change also makes the optimized emissions per land use type more consistent with GFAS and FINN, with burning in the Brazilian Cerrado (Savannahs and Grasslands) accounting for 25-50% of the total carbon emissions. The Cerrado typically has a smaller fuel load and lower emissions of CO per kg dry matter burned (60-80 g kg À1 DM) than tropical forests (100 g kg À1 DM). This spatial shift of emissions to the Cerrado thus simultaneously reduces both CO and CO 2 emissions, as well as their emission ratio. To see which signals drive this shift, we next turn to the atmospheric mole fractions of CO and CO 2 .
Atmospheric CO Observations
The optimization of the SiBCASA-GFED4 biomass burning emissions with TM5-4DVAR CO system typically increases the amount of CO in the atmosphere during the wet season in both 2010 and 2011, while dry season CO is reduced. The IASI CO columns strongly drive these emission changes, and a general good correspondence with data is obtained after optimization. This is illustrated in column CO values for a specific day in the 2010 dry season in Figure 4 . This improvement is achieved by (a) a reduction of CO emissions from the Amazon, most notably in 2010, and (b) an increase of the global background CO mole fractions by close to 30 ppb. The latter change is driven by the assimilation of the NOAA background CO observations. This shift in background CO also makes the simulations more consistent with the observed CO surface time series at background sites around continental South America, such as Tierra Del Fuego, Ushuaia, Argentina (TDF), Ragged Point, Barbados (RPB) and Ascension Island, UK (ASC). The latter two were used in Gatti et al. [2014] to define inflow conditions against which to analyze the excess CO from selected observed profiles, and matching these sites in our model is a prerequisite to correctly attribute regional CO enhancements to regional fire emissions too.
Besides the inversions using CO observations from IASI (F2) and additional Amazon profile observations (F1), we have performed forward simulations using the biomass burning products: SiBCASA-GFED4 (F3), GFAS (F4), Global Biogeochemical Cycles
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and FINN (F5). For F3-F5 we use the optimized background CO for the rest of the world from the IASI inversion (F1). Figure 5 shows the comparison of the modeled and observed vertical profiles of the CO mole fractions at the four aircraft sites in the Amazon. For each site we show the median values at each vertical level over one of the four seasons included in our study [2010 , 2011 or dry (July-October) season]. The CO signal from biomass burning is visible by the higher mole fractions in the dry seasons. The figure shows how the optimized fires generally lead to a better agreement with the observed CO profiles at the four Amazon sites. The root mean square differences (RMSD) are given in Table 2 for each of the simulations with the different biomass burning products. Note that for F2, this presents an independent comparison, as the CO profiles were not used in the optimization. Over forests, 
Global Biogeochemical Cycles
10.1002/2014GB005082
IASI is generally sensitive to altitudes above the 5 km ceiling of the unpressurized Amazonia flights. The improved RMSD from F3 to F2 shows that the optimization using IASI observations alone brings the simulated mole fractions into much better agreement with the Amazon profile observations than the prior. The forward simulations with GFAS (F4), FINN (F5), and the original SiBCASA-GFED4 (F3) fire emissions are also independent of the Amazon observations. The use of the same optimized background is visible in the same RMSD at the locations outside the area of the biomass burning emissions. F1 reaches the overall lowest RMSD versus the Amazon CO profile observations, profiting from both the IASI columns and CO profiles that were ingested. We note though that in F1, the IASI profiles are a much stronger constraint than the profile data simply because of the much higher volume of data from IASI. Finally, we see the much better performance (in terms of RMSD) of F1 and F2, compared to F3, as further evidence that SiBCASA-GFED4 fire emission estimates are likely too high.
Atmospheric CO 2 Observations
The next step in our approach is to use the different biomass burning products in the CO 2 inversions (recall Table 1 ) in which we optimize the net biome CO 2 exchange (NBE) while keeping the biomass burning emissions fixed. Table 3 presents the RMSD for the optimized CO 2 mole fractions of the different cases, together with the results from the forward simulation of the SiBCASA-GFED4 prior. A comparison between the simulated and observed CO 2 profiles is shown in Figure 6 . When we look at the CO 2 mole fractions, we find the lowest overall RMSD at the four Amazon sites for the optimized fire simulation (C1). Especially in the dry season the adjustments to the simulated profiles are large (3-5 ppm), while the wet season adjustments are more modest (1 ppm). The adjustments are not simply a linear scaling of the a priori profile but show a vertical structure that suggests the influence from biomass burning emissions and biospheric CO 2 exchange manifest themselves at different altitudes and times. Examples are the profiles at TAB (2010 dry season) and RBA (2010 wet season), where the vertical gradient of CO 2 is changed after optimization, in better agreement with the observations. As expected, the worst performance against the Amazonian profiles is seen when we optimize surface fluxes while only using observations from non-Amazonian sites (C6). Interestingly, the RMSD are even larger than in a forward simulation of the prior SiBCASA-GFED4 fluxes. In absence of direct constraints, the tropical fluxes then seem to become a residual for fluxes needed to balance the carbon budget of more distant regions, such as the Northern Hemisphere extratropics. This behavior in inversions has been described before and was hypothesized to explain the typical dipole behavior of the estimated Northern Hemisphere and 
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tropical fluxes [Stephens et al., 2007] . In our setup we use an ensemble Kalman filter with a smoother window of 5 weeks, and observations further downstream than those 5 weeks will therefore not influence our Amazon fluxes. Longer window lengths would allow the Amazon fluxes to be constrained by nonlocal observations. However, simulations with different window lengths have shown that this indeed not only gives a better match to the observations in remote places but also gives a larger projection of residual fluxes in regions such as the Amazon, but also in Africa, Asia, and Australia [Babenhauserheide et al., 2015] . The results of C6 therefore strongly caution against interpreting Amazonian carbon surface fluxes without any regional observations to anchor the estimate. It moreover shows the large value of the Amazonian airborne observation program and its potential to inform us on the behavior of the regional carbon balance. The total budget (fire + NBE) is also included as is the percentage of the difference of the total CO 2 flux between both years represented by the biosphere (% NBE).
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Amazon Carbon Balance 2010-2011
Our estimates from cases C1 through C5 suggest that the Amazonian carbon balance for 2010 resulted in a net source of between +0.07 ± 0.42 and +0.31 ± 0.42 PgC/yr, while the net balance for 2011 was a sink of À0.15 ± 0.42 to À0.27 ± 0.42 PgC/yr (Table 4) . The difference between both years amounts to 0.24-0.50 PgC/yr increase in the total net carbon release in the drought year 2010 relative to 2011. This is in most cases somewhat smaller than the estimate of Gatti et al. [2014] who report a total increase of carbon release of 0.42 ± 0.21 PgC/yr between the same years. This smaller estimate of the difference coincides with smaller absolute biomass burning emission estimates for both CO and CO 2 in our method compared to Gatti et al. [2014] , and we speculate this might be related to vertical transport as will be discussed in section 4. Note that the estimated annual mean uncertainty on each individual inversion is an upper limit, given that the CT-SAM system does not propagate flux uncertainty beyond its 5 week window. As argued previously [Peylin et al., 2005; Peters et al., 2007] the representation of the uncertainty estimate as a range of results from alternative realizations of the inverse problem complements the formal annual Gaussian uncertainty estimate derived from the covariance matrix. Using our range of estimates as a measure for our uncertainty, our results are significantly different from those found by Gatti et al. [2014] . Figure 7 shows the drought response of NBE and biomass burning between 2010 and 2011 for the different cases. The figure shows (on the x axis) that the SiBCASA-GFED4 prior has high biomass burning emissions in 2010 and also a large difference between both years. These biomass burning emissions are used in C3 where the net CO 2 flux (NBE + biomass burning) is optimized using the global network of CO 2 observations. Since the biomass burning emissions are imposed to be these high values and the total net flux is optimized, the resulting biosphere response in C3 is small. The optimized NBE in C3 therefore stays close to the prior NBE of SiBCASA-GFED4, and we even find an unlikely slightly higher uptake in 2010 compared to 2011, which is opposite of what was found for the other cases. Therefore, C3 is not taken into account in the remainder of this section. The other cases show similar patterns in reduction of the NBE from 2010 to 2011 in combination with lower biomass burning emissions in the wet year 2011. The size of the fluxes and the difference corresponds well between optimizations with IASI and with GFAS fire emissions. Optimization with FINN fires yields results closest to Gatti et al. [2014] .
Of the total reduction in uptake in 2010, we attribute about 34% (C1, C2, and C4) or 52% (C5) to reduced carbon uptake by the terrestrial biosphere, compared to the 52% estimated by Gatti et al. [2014] . The absolute reduction in biospheric carbon uptake during the 2010 drought in our estimates is 0.08 to 0.26 PgC/yr, which is larger than the prior estimate from the SiBCASA-GFED4 model (0.0 PgC/yr) but generally smaller than the Gatti et al. [2014] estimate (0.22 PgC/yr). Our expanded analysis thus finds a smaller sensitivity of the tropical biosphere to droughts than the original interpretation of the profile data by Gatti et al. [2014] , as we will discuss further in section 4. Figure 8 shows the seasonal patterns of NBE for the different cases. The majority of the biospheric carbon uptake occurs in the July-September period, a large part of the dry season. Biospheric carbon uptake in our SiBCASA model typically peaks in the dry season as vegetation takes advantage of the available fPAR during cloudless conditions, as long as their deep roots can tap into the available soil water as implemented by Harper et al. [2010] . The cumulative difference in NBE between the drought year 2010 and the wet year 2011 is shown in Figure 8 . The figure shows that the anomaly in uptake is mainly accumulated in the months after the dry season during which most of the biomass burning occurs. The 
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response of the biosphere to the additional fire stress in 2010 leads to a lower biospheric uptake in the postfire season.
Discussion
We have presented the Amazon carbon balance estimates from our CT-SAM system. This balance is dominated by biomass burning emissions that account for about 50-65% of difference in the total net carbon flux between 2010 and 2011. We have explored a range of emission estimates based on different biomass burning models, which gives new information on the resulting biospheric response to the 2010 drought. Our findings are generally in line with previous estimates for both the annual mean balance and the drought impact of 2010, such as those from Gatti et al. [2014] , Phillips and Lewis [2014] and Pan et al. [2011] . CT-SAM not only allows for a large scale evaluation of the integrated carbon fluxes but also gives a detailed picture of the spatial variability and distribution over different biomes.
In section 3.4 we focused on the change in the fluxes between 2010 and 2011 and compared the drought response of our simulations to the results of Gatti et al. [2014] . The net fluxes estimated by inverse models are generally less robust than the interannual variability [Baker et al., 2006] . Although less robust, we find from our simulations a smaller net source of carbon in 2010 than Gatti et al. [2014] and in 2011 we find a net sink of carbon, whereas Gatti et al. [2014] find a small net source. The year 2010 was a drought year, and follow-up research spanning 2010-2014 will tell us whether 2011 can be considered an average year, or a year with especially large uptake as a recovery effect after the drought or due to especially wet and warm conditions. A new study of Alden et al. (submitted manuscript, 2015) shows the results of regional inversions of the Amazon region, showing that our NBE estimates are on the high uptake side of the range of this multi-model ensemble. The biomass burning estimate for 2011 from Gatti et al. [2014] is high in comparison to the other estimates, which could be due to the use of the CO:CO 2 ratio from 2010 to calculate 2011 emissions, and the potential underestimation of the dry season biogenic CO flux on the total CO flux.
The main differences between our method and that used in Gatti et al. [2014] include the horizontal transport, vertical transport, prior assumptions, and the use of an implicit or explicit background. Transport in Gatti et al. [2014] was based on backtrajectories from a Lagrangian particle dispersion model (Hysplit) and is based on column integral differences, thereby not making any assumptions on the vertical transport in the lower troposphere. In contrast, our method aims to vertically resolve the profile data and therefore depends strongly on how well transport in general and vertical transport in particular is represented in our model. The Gatti et al. [2014] method, however, assumes that the signals from the surface fluxes only extend up to 4.5 km, the height up to which the measurements are made, whereas our approach allows the signal to propagate beyond that. Another difference is that our Bayesian method depends on the prior flux estimates together with their prior uncertainties, balanced with the observations and their assigned uncertainties. Finally, the method used in Gatti et al. [2014] forces the background to be a linear combination of the CO 2 concentrations at RPB and ASC, based on SF 6 [Miller et al., 2007] . In contrast, the 
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background in CT-SAM is not explicitly forced as it is part of the global inversion. Large biases at those locations could lead also to biases in the resulting flux estimates. Examining the residuals at RPB and ASC (shown for C1 in Figures S6 and S7 of the supporting information) shows that the biases between our modeled and the observed CO 2 concentrations at those sites are low (maximum À0.34 ppm at RPB between November and April).
As stated by Stephens et al. [2007] , the main uncertainties in the global carbon balance are in the tropics, where constraints from observations are sparse. The results from our case C6, where we optimize without including the Amazon profiles, highlight the importance of these data sets. Without the constraints from these profiles included in CT-SAM, the biospheric uptake is larger than for all other cases, and the prior is adjusted to a lesser degree. Also, the match to CO 2 observations becomes even worse than the results from a forward transport of the prior fluxes (Table 3) . Observations in this region of high biospheric productivity and large biomass burning emissions are clearly important, also in constraining the fluxes on the global scale. The same likely holds for other tropical regions, such as Africa or Asia, where observations are also scarce.
We have compared our modeled mole fractions to the observed mole fractions from the aircraft flask samples for CO in section 3.2 and CO 2 in section 3.3. The medians of the seasonal vertical structure of the observed CO and CO 2 profiles were shown, together with the medians of the modeled CO and CO 2 profiles. The vertical profile is highly dependent on vertical transport and the convection scheme used in the transport model. In our cases presented in section 3.4, we used an updated convection scheme in TM5 using the convection fields from ECMWF directly (see section 2.3). We have also studied the use of a convection scheme previously used in TM5 [Tiedtke, 1989] . The RMSD between the simulated and observed CO 2 mole fractions was larger for three out of four Amazon sites when using the Tiedtke convection scheme, based on which we decided to use the ECMWF convective fluxes in our presented inversions.
We presented the results from our two-step inverse approach, optimizing first CO fluxes from biomass burning emissions and second using those optimized fire estimates to optimize the NBE fluxes. As mentioned earlier, the CO inversion cannot assign biomass burning emissions to grid boxes with zero emission, thereby restricting the fluxes to the areas given in the prior estimate from SiBCASA-GFED4. The two inversions with IASI observations give very similar results for the optimized biomass burning emissions, showing that including the additional CO observations from the aircraft profiles adds only a small amount of information to that from the large number of IASI observations. Over forests, the IASI observations are mainly sensitive to higher altitudes, the peak sensitivity is between 4 and 6 km. The altitude below 5 km is mainly constrained by the biweekly Amazon profile observations. Large signals or plumes from specific (biomass burning) events could possibly be missed. Increasing the frequency of the measurements would therefore be valuable, especially in the dry season (the period with the largest fire emissions and NBE; see Figure 8 .
The estimates of CO biomass burning used in section 3.1 could be sensitive to the vertical injection profile used in the CO inversions. In the supporting information we describe a set of experiments to test that sensitivity. The results are presented in Figure S3 . The "Base" case presented there is comparable to the setup used in this work, whereas the other five are variations using different injection profiles and/or different day/night variations in the biomass burning emissions. Our experiments show that in the stronger biomass burning year, 2010, the choice of an injection profile and diurnal variations in the emissions makes less than 5 TgC difference out of 30 TgC. In 2011, the maximum impact is 3 TgC out of 5 TgC, and therefore lower in absolute sense, but higher when seen as a fraction of the emissions in that year. Using the 75 ppb CO/ppm CO 2 estimate used by Gatti et al. [2014] , this yields a spread in the biomass burning CO 2 emission of 0.07 PgC in 2010 and 0.04 PgC in 2011, compared to 0.51 and 0.30 PgC estimates of Gatti et al. [2014] , respectively. Thus, the choice of a realistic injection profile causes a relatively small error in the estimate of biomass burning CO. This conclusion, however, should not be taken as a general statement about the use of injection profiles in atmospheric CO modeling; rather, it is only valid in this case because (a) tropical South America is a region of deep convective mixing even in the absence of an explicit injection profile, and (b) we assimilate IASI total columns, which are sensitive primarily to CO above 4 km, i.e., above the top level of most injection profiles used. The picture could be totally different if, for example, the Amazonian aircraft profiles were assimilated and IASI CO columns were not.
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Our modeled CO and CO 2 profiles fall outside the 25th-75th percentile range compared to the observations especially at the lower altitudes in the dry season. The update of the convection scheme used in TM5 improved our match to the observations but not more than e.g. using different biomass burning emissions. We showed above that the choice of different injection profiles did not change our final estimates strongly. Increased injection heights have a similar effect as enhanced mixing in the boundary layer. Possibly, improvement in vertical mixing specifically in the entrainment zone and cloud convective layers is needed [Vilà-Guerau de Arellano, 2014] . This could enhance the mixing of surface CO 2 fluxes to the free troposphere.
In our SiBCASA-GFED4 biosphere model, the Amazon NBE fluxes were equal in 2010 and 2011, showing no response to the drought. However, we do see a slight drought response in both GPP and respiration for the Amazon in the model. GPP is lower by 0.07 PgC/yr, which is balanced by an almost equal decrease in respiration of 0.08 PgC/yr. Our results could guide a better parameterization for droughts in the biosphere model. This is also concluded from a study on effects of droughts on water-use efficiency [van der Velde, 2015] . The deep rooting depth implementation in SiBCASA [Harper et al., 2010] was based on comparison to observations at one location in the Amazon. The lack of drought response in our NBE fluxes suggests that this implementation might not be suitable for the entire Amazon basin. Additional observations from e.g. the RAINFOR network or satellite observations such as fluorescence could be used to improve the constraints for GPP and NPP.
The three products estimating biomass burning emissions have similar global emissions of CO and CO 2 but, as seen in section 3.1, show different behaviors on the continental and regional scales. The GFAS estimates are based on fire radiative power (FRP), which is combined with biome-specific conversion factors derived with regressions against GFED to calculate the amount of dry matter burned. FINN also relies on active fire observations to estimate burned areas and dry matter burned, rather than FRP. Both GFED and FINN use a similar approach to calculate the emissions that is based on information on the area burned, fuel load, and the burned fraction. FINN uses biome-averaged emission factors from Akagi et al. [2011] , while GFED and GFAS rely on the compilation of Andreae and Merlet [2001] . One aspect leading to differences in these methods is the sensitivity of the three methods to relatively small fires. Also, the detection of fires underneath clouds and below the canopy is difficult in all three methods. Our approach to optimize the emissions using CO observations combines the strengths of the emission products with local observations. A somewhat independent metric we can use to evaluate our system is the observed CO:CO 2 mole fraction ratio of the Amazon profile observations. As we use a two-step approach with CO and CO 2 in two separate inversions, their ratio is not directly used as an observational constraint, as would have been the case in a joint inverse system. The CO:CO 2 ratio in the atmosphere gives information on the type and amount of biomass burning emissions at the surface and is used by Gatti et al. [2014] to calculate the contribution of fires to the obtained fluxes. We have calculated the CO:CO 2 ratio for the simulated mole fractions of our four cases and compared it to the observed ratios for the four sites. For this, we used the enhancement of dry season profiles compared to background values of the wet season. The observed CO:CO 2 ratios are 76 ppb/ppm for Alta Floresta, 97 ppb/ppm for Santarém, 92 ppb/ppm for Rio Branco, and 172 ppb/ppm for Tabatinga. The difference between the modeled and observed ratio is generally smallest for the COoptimized emissions (C1/F1) and FINN (C5/F5), followed by GFAS (C4/F4), while the largest deviations are found for GFED4 (C3/F3). This confirms our findings in section 3.4, where we found that the results from the inversion using GFED4 emissions yielded the least likely scenario for the drought response.
Our results focus on the comparison of different estimates for the Amazon carbon budget. The specific area defined as Amazon in our study, as shown in Figure 1 , is an important factor in our analysis, especially when comparing to the results from Gatti et al. [2014] . We have therefore adopted the same definition of the area as used in their analysis. However, the observations from the flask profiles are of course influenced by processes outside this domain. The method used by Gatti et al. [2014] distributes the observed differences to the background values at the Atlantic coast and projects the calculated fluxes onto the whole column and the area defined as Amazon. However, the Sertão, encompassing the semi-arid regions of Northeastern Brazil, is also a region with large fluxes, even though the amount of biomass is much lower than in the Amazon. Our method allows for a separate estimate of the fluxes in the Sertão. Maps of the mean biomass burning and NBE fluxes are given for the different cases in Figures S4 and S5 . When we extend our region toward Global Biogeochemical Cycles 10.1002/2014GB005082 the east and include the Sertão in our analysis, we find higher biomass burning emissions, but the extent to which they increase varies per case. Additional biomass burning emissions from the Sertão are smallest for FINN (+7% for 2010 and +12% for 2011) and largest for GFAS (+25% for 2010 and +38% in 2011). For GFED4 (C3) and the emissions optimized using CO observations (C1 and C2), the emissions increase with values ranging between 15% and 26%. The effect on the NBE is much larger, and the changes are different between both years. Biospheric uptake of the combined Amazon and Sertão region is lower in all cases in 2010, totaling to even a small net source of NBE for C5. In 2011, the Sertão adds the opposite effect, and the biospheric sink of the combined region is larger with values up to 65% than from the Amazon region alone. The effects for both years combine into a larger difference in both years, especially by the stronger biospheric drought response in the Sertão. In section 3.4, we found a smaller sensitivity to the effects of the drought in the Amazon than Gatti et al. [2014] , but we show here that the area over which the fluxes are integrated is important to correctly estimate the biospheric drought response.
Conclusions
We have set up a new version of the CarbonTracker data assimilation system focusing on South America, particularly the Amazon. We have used different biomass burning emission estimates, resulting in a range of estimates of the Amazon carbon budget. Across our range of alternative inversions, we find the Amazon to be a net sink of carbon in 2011 and a net source in 2010.
We have optimized SiBCASA-GFED4 biomass burning emissions using IASI satellite CO observations and Amazon aircraft profile measurements of CO. These optimized emissions and the estimates from GFAS and FINN show that the start of the biomass burning season is later in the year than the original estimate from SiBCASA-GFED4. In comparison to this original SiBCASA-GFED4 estimate, our optimized emissions are in better agreement particularly with the GFAS estimate. We estimate the 2010-2011 difference in biomass burning emissions to be between 0.16 and 0.24 PgC/yr.
Starting from the different imposed biomass burning emissions, we estimate the biospheric response to the 2010 drought in the Amazon to amount to 0.08 to 0.26 PgC/yr less uptake. The range is determined from the set of alternative inversions using the different biomass burning estimates and represents the estimated uncertainty. The major part of the biospheric response to the drought is not restricted to the burning season but lasts during the post biomass burning period, September-December. The total drought response in the Amazon in our estimates is distributed between additional biomass burning and reduced uptake (NBE). The percentage to be ascribed to the reduction in NBE is, in most of our cases, around 35%, except for C5 (FINN) where the biospheric response accounts for 52%.
